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g(x) = gi(x) — ga(x) = (w1 — w2) "x
=w'x

def
w = W — Wy

P
decide wy if g(x) =wTx >0
decide wy if g(x) =w'x < 0.
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Rosenblatt, 19571
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LF. Rosenblatt, The perceptron - A perceiving and recognizing automaton, Technical Report 85-460-1,
Cornell Aeronautical Laboratory, Ithaca, New York, January, 1957.
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V=Y (-x)
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DT, FalE L (A R, Gradient Descent, ® L < 1 batch Gradient Descent) 12 &
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w(k +1) = w(k) — pVJ = w(k) —i—pr.

p \FEEH (learning rate) & FEIEN 2
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Algorithm 1 Batch Perceptron

1: Initialization: w,p, criterion 6, k =0
2: repeat

3 k+—k+1

4: W wHpd oopX

5 Recalculate X

6: until |pz)~<€)g X <0
7: Return w
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Algorithm 2 Fixed-Increment Single-Sample Perceptron

1. Initialization: w, X = {X1,%,--}, k=0
repeat
k< k+1
i+ mod(k, |¥|)+1
W — w + pX;
Recalculate X
until all patterns properly classified
: Return w
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X=[% %"

bi:[b,'lb,-z...b,-n]T (i=1,---,¢)
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FEHHIILL T D@D
AMA/,' = —pé‘,‘p)?p
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Algorithm 3 LMS

1: Initialization: w;, k=10
repeat

k + mod(k,|X|) +1

Wi < W — p(W, Xie — bip) Xk
until all patterns properly classified
Return w;
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DUR D Matlab 701 275 22 & ) =fEHDY¥E 7 — X 2Lt &
Linearly separable linear.m
Linearly non-separable nonlinear.m
Skewed linearly separable slinear.m
Python D&, LURDITR 70 7T MIMA ZEEOYE 7 — X 2 ERE &
Linearly separable from linear import *
Linearly non-separable from nonlinear import *

Skewed linearly separable from slinear import *

(1) PEARFFEANZ oL, EBREANY b e ERLEEEL, =T bry (N FdL
IBA Y74 0) 2RER X, “FBHEOT—XTA—k 7 bun v 2ETE L, ZORSIEEVIC
DWW &

b Y b JERRFEAN 7 FOVIZLURIC & b R ATRE

ax = np.concatenate((np.ones((1, n)), x))

(2) MSEJEIC X 2ilIgRe 522 L. O 7T - XL W ¥FHIE X, ZORBZELITOWV
Tamd &



import numpy as np
import matplotlib.pyplot as plt
from linear import *

rho = 0.1

ax = np.concatenate((np.ones((1, n)), x))

aw = (2 * np.random.rand(d + 1) - np.array([1, 1, 1]1))[:, np.newaxis]
ax[:, np.where(l == -1)] = -ax[:, np.where(l == -1)]

plt.figure()

k=0

neg = ((ax.T.dot(aw)).T < 0) [-1]



while len(np.where(neg)[-1]) > O:

k+=1 N
aw += rho*<<< some code to update aw >
neg = <<< some code to update neg >>>

plt
plt
plt
plt
plt
plt

plt
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.x1im([-1,
ylim([-1,
.plot (x[O0,
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where ((1
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.where ((1

where((1 ==
where((1 ==
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1) & “neg)],

1) & “neg)], ’bo’)
-1) & “neg)],

-1) & “neg)]l, ’bx’)
1) & neg)],

1) & neg)], ’ro’)
-1) & neg)l,

-1) & neg)], ’rx’)

ARRE
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if abs(aw[1]) > abs(aw[2]):
plt.plot([-1, 11, [-(aw[0] - aw[1]) / aw[2], -(aw[0] + aw[1]) / aw[2]11)
else:
plt.plot([-(aw[0] - aw[2]) / aw[1]l, -(aw[0] + aw[2]) / awl[11l], [-1, 1])
print (aw)
plt.pause(0.2)
plt.show()



import numpy as np
import matplotlib.pyplot as plt
from linear import *

ax = np.concatenate((np.ones((1, n)), x))
aw = <<< some code to compute aw >>>

neg = (ax.T.dot(aw)).T < O

# Similar code to perceptron follows...

Similar code to perceptron follows...
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